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Watching precisely any video of a living cell, one can see different kinds of in-
tracellular flows. These intracellular particles are mostly too subtle and fuzzy to
segment or identify them but these phenomena exists. In order to address this
mystery, we propose an automatic method of reconstruction of intracellular fluid
dynamics based only on a recorded video. The basis of the method is detection
of speeded-up robust features (SURF) and assembling them into trajectories.
The first output is a velocity field whose reconstruction was based on robust
smoothing and entropy balancing. The second output of the method is a ve-
locity map which was reconstructed based on velocities and the Stokes-Einstein
equation. We tested the method on video sequences of living cells. All obtained
parameters are in agreement with literature data.
1 Introduction
A typical bright-field microscopy experiment is time-lapse recording a sequence of images.
In case of living unstained samples, there is a little known about structure of observed
objects. It is usually possible to discriminate a cell from its background, find the nucleus,
but not much more 1. However, the microscopy image is much more complicated and one
can see motion of some intracellular structures and movement of small ’particles’ inside the
cell. These objects are extremely diverse in texture and shape; and mostly too small for
identification.
In this article, we aim to investigate cell rheological and microfluidical properties with-
out any a priori information about cell structure or composition. There are approaches
aimed specifically at investigation cell flows 2 but they require fluorescent labelling and a
mathematical model of a cell. There are model-free approaches based on correlation com-
putations 3 as well. These have solid mathematical background and, at good conditions and
well-behaved objects, can deliver good results. But the correlation methods suffer from the
fact that they cannot distinguish the points and forces to make tracks based on proximity
only. Thus, these methods inevitably suffer from error propagation during tracking. An-
other way is to segment some sufficiently large objects and then track them, until they are
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overlapping 4. Such methods does not suffer from error propagation that much but require
segmentable entities inside the cell, and even then the count of followed objects can be too
small for flow reconstruction.
The main idea of the method proposed here is tracking of identifiable spots inside a
cell followed by reconstruction of local properties of media and fields of velocities. This
approach is similar to both well known model-free approaches of velocity reconstruction as
the Particle Image Velocimetry (PIV) 5 and the Particle Tracking Velocimetry (PVT) 6 are.
After that, alternating likelihood fitting enables to separate observed motion to components
of the Brownian and directed flow, respectively, yielding both rectified flows and local media
properties.
2 Materials and methods
In order to show capacity of the method, we applied it to microscopic image data from a
time-lapse experiment on a live human cell.
Cell sample preparation A MG63 (human osteosarkoma line, Sigma-Aldrich, cat. No.
86051601) cell line was grown at low optical density overnight at 37◦C, 5% CO2, and 90%
RH. The nutrient solution consisted of DMEM (87.7%) with high glucose (>1 g L−1), fetal
bovine serum (10%), antibiotics and antimycotics (1%), L-glutamine (1%), and gentamicin
(0.3%; all purchased from Biowest, Nuaillé, France). During microscopy experiments, the
cells were cultivated in a Petri dish with a cover glass bottom and lid.
Bright-field wide-field videoenhanced microscopy The microscope is equipped by up-
to-date piezo motor technology (theoretical z-step 2 nm), the up-to-date widefield camera
(47 Mpx, physical pixel size 4.6×4.6 µm2.
The living cells were captured using a custom-made inverted high-resolved bright-field
wide-field light microscope enabling observation of sub-microscopic objects (ICS FFPW,
Nové Hrady, Czech Republic). The optical path starts by a Luminus CFT-90-W light emit-
ting diode which illuminates (40% of the maximal intensity) the sample by series of light
flashes in a gentle mode and enable the videoenhancement 7. After passing through a sam-
ple, light reached an objective Nikon (CFI Achromat 60×, N.A. 0.80, W.D. 0.30 mm). A
Mitutoyo tubus lens (2×) magnifies and projects the image on a Ximea MX500CG-CM-
X4G2-FL rgb camera with a chip with 7920×6004 pixels (exposure 200 ms). At this total
magnification, the size of the object projected on the camera pixel is 23 nm, i.e., 46 nm after
debayerization. The process of capturing the primary signal was controlled by a custom-
made control software. The scanning frequency of the time-lapse cell experiment was 5
fps.
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Figure 1: A cell MG63 with matched features (a). The relevant PSF for the R, G, and B
channels, respectively (b, c, d). Determination of the smoothing parameter of the optimal
flows (e).
In order to suppress the image distortions, the microscope optical path and camera chip
was calibrated and the obtained time-lapse micrographs were corrected by an experimental-
mathematical approach described in detail in 8.
3 Feature extraction and tracking
A standard bright-field microscopic experiment relies on a special parameter which is the
focal position. The focal position is usually chosen for the whole image with a compromise
between what is and what is not focused. To ensure the maximal sharpness and compensate
possible focusing defects in the image, blind deconvolution can be used 9,10. It is a method
of data-driven, simultaneous estimation of the Point Spread Function (PSF) and the decon-
voluted image. Estimated channel-wise PSFs are shown in Figure 1b–d. The intensities of
the halos are proportional to illumination intensity in the corresponding spectral interval.
It is clearly seen that illumination was spectrally green (despite it is perceived as white).
Ellipticity of the halo is mainly related to image pre-processing and was rotated about 60◦
to reduce requirements in disk space. A series of images serves to estimate the reliable and
consistent PSF that was then applied to all images.
Prior to any tracking, the samples have to be robustly detected and segmented. It
is a quite complicated problem itself, especially for a high magnification 11. Therefore we
used human-aided annotation to annotate a few (usually 1%) images from the sequence
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and interpolate a contour of the observed cell for the unannotated images. It was enabled
since the studied cells are moving slowly and, thus, the cell contours between images in the
sequence are mutually similar.
The recorded video series is masked by the obtained region of interests, leaving only
living cells in view. The images (originally RGB) were filtered with a 2D median filter (a
kernel of the size 3, channel-wise) and converted to grayscale ones.
There are numerous methods, e.g., 12,13 for tracking local image features, i.e., special,
well-distinguishable points in the image supplied with a feature vector. However, the ap-
plication of these methods is not the classical one. These methods are usually designed to
match the same object from different views. Our problem is opposite – to match different
(but similar) objects from the same view. Only the SURF features 14 appear to be robust
enough for microscopic data (that is quite different from ordinary outdoor, macroscopic,
images). The SURF method produces points equipped by feature vectors.
The next step is to track a point through consecutive frames (Fig. 1a). To avoid a
computationally intensive O(n2) match, we used a heuristic approach — the same points
in consecutive frames should be nearby. A small subset (∼ 10) of images was used for the
estimation of this maximal displacement: we took a median of the minimal distances between
the points in the consecutive frames. Then, the resulted effective displacement (ED) was
calculated as a mean of the subset of medians. We assume that the match between the points
is possible if the distance is smaller than 5 · ED. Typically, each point has 10-15 possible
candidates, which effectively reduces complexity to O(n). Eliminating the possibility of a
long range matching error, such an optimization increases also the quality of results (Fig.
1a).
The tracking process is iterative. At each step we classify all detections into two sets:
assigned and unassigned. To be assigned, a detection has to fulfil two criteria with any
track – to be spatially close (closer than 3 average offsets) and featurely close (the Euclidean
distance between the last vector of the track and the current one has to be smaller than 1).
The unassigned detection creates new tracks. The tracks which are not assigned for a longer
period than K frames are removed. Since the influence of K on quality of the final result
has not been investigated, we used the safest choice of K = 1.
4 Reconstruction and analysis of intracellular flows
Velocity of each detected object was calculated as a central gradient of its coordinates,
without any smoothing. Even with a good performance of the underlying detector, the
obtained velocity field is incredibly sparse and not very reliable. In order to condense it,
we divided the image into 18-px cells. In each cell, the velocity was calculated as a mean
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of subsequent pixels’ velocities. Moreover, we averaged these resulted velocities in sliding
window of 251 images. Even, after all, the velocity field was still very noisy and sparse.
In order to reconstruct it, we used robust splines 15 which minimize the Generalized Cross-
Validation (GCV) score. This method was designed specifically to handle PIV-type data 16.
Such an approach can handle and reconstruct the absent data nicely. In our case, only one
parameter is required — smoothness. This parameter should be estimated externally and
be the same for all processed images, otherwise the results will be inconsistent.
To determine the optimal smoothness, we studied the behaviour of the velocity field
under the parameter variation in detail. A low smoothness gives a field, where the vector
orientation closely mimics some sample structure, but the amplitudes are completely random.
A high smoothness gives the opposite picture, when the field amplitudes are reasonably
smooth, but most of vectors are oriented in the same direction, ignoring some small details in
the scale. Mathematically, for a vector field ~V = {Vx, Vy} we introduced two characteristics:
amplitude A(~V ) =
√
V 2x + V 2y and rotation
R(~V ) =

arctan 2( Vy√
Vx2+Vy2+Vx
) if Vx > 0 and Vy 6= 0
pi if Vx < 0 and Vy = 0
0 if Vx = 0 and Vy = 0,
(1)
which can be interpreted as a 4-quadrant angle from ~V to ray [0, 1].
Considering presence of visible randomness, we applied the Shannon entropy to charac-
terize the metrics of flow, the amplitude A and angular rotation R. We plotted the entropies
as functions of the smoothness parameter (Fig. 1e). There can be seen an intersection point
that corresponds to the balance between the angular part and intensity part of the recon-
struction. The corresponding values of the smoothness parameter were used for processing
of all images. The mean reconstructed velocity field is shown in Figure 2d.
The obtained results were rescaled according to the period of image capture (200 ms)
and the size of pixel projection. Further analysis was performed via hierarchical agglom-
erative clustering (HAC) 17. It is a clusterization method which allows to establish the
transparent hierarchy between objects. We used the Ward subtype of this method 18. This
gave the cophonetic distance 0.83 which means a good representation of underlying data by
the cluster tree. The natural way how to visualize such a clusterization is to plot a dendro-
gram – a representation of N most important clusters. For N = 12 the plot is shown in
Figure 2b. In Figure 2a, c, we visualized two major classes and calculated for them two vec-
tor field operations — divergence and curl. These were also calculated for the mean velocity
fields (Fig. 2i, j).
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Figure 2: Visualization of the mean intracellular flows (d). The corresponding divergences
and curls are shown in (i, j). Based on these flows, the agglomerative cluster tree (b) was
build. The maps of mean flows for two major clusters are shown in (a, c). The corresponding
unsigned divergence and curl plots for the first cluster are (e, g) and for the second cluster
are (f, h).
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Interpretation of the divergence is straightforward, because the system is 3D and the
image is only 2D. The divergence shows, where the matter leaves the current slice for an upper
or lower layer of object, and should roughly corresponds to normal (observer-wise) flows. The
curl of velocity field is a measure of vorticity which, in case of viscous media, corresponds
to flow non-laminarity. In the mean curl plot (Fig. 2j), a certain mirror symmetry may
be observed along the central line, especially on sides. The observed image is, to a certain
extent, a tomographic cut of the 3D object and, thus, some 3D rotational flows may exist
along the main axis.
The two main clusters mainly in the spatial distribution of the sources (the local max-
ima of divergence) differ. The first class (denoted as red in the image) shows a strong
outbound flow at the left corner. The second class (green) has no clear outbound flow at the
left side (also there is a vorticity peak here), but a strong flow at the right side. More impor-
tantly, if different criteria of clusterization like a velocity norm, values of curl, or everything
together are used, such observations holds. The clusters are distributed in a semi-periodic
way. The dependence of the cluster number on the image number is shown in Figure 3b.
There can be clearly seen a periodic trend together with some non-periodic shift. Not so
much data is reported about such velocities but there is some 19 and it is in good agreement
with our results.
Autonomy of the flows is also important, however there are reports that intracellular
flows are driven by cell deformation 20, which is not true in our case.
5 Local viscosity estimation
There is a classical, widespread method of viscosity estimation 3 described by the StokesâĂŞE-
instein relation for a spherical particle:
η = kBT
pia〈∆r(τ)2〉τ, (2)
where η is a viscosity, T is a temperature in K, a is a particle radius, kB is the Boltzmann
constant. The mean-squared displacement (MSD) 〈∆r(τ)2〉 is a mean squared distance that
a particle travels in time τ . There are two parameters unknown – the MSD and the particle
size. In order to estimate the effective particle size, we used the fact that the particles
should never collide. It is a quite strong assumption considering that we deal with a slice
of 3D volume. Thus, this assumption may be violated from time to time. For each image,
we calculated pair-wise distances between all points and recorded a min value. Then, 0.75
percentile (Q3) was calculated in order to mitigate the violation of our assumption. The half
of this distance is the ’effective’ radius of the particle, in our case, of 130 nm.
The calculation of the MSD is not too straightforward, because a naive approach chosen
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can give a very sparse matrix space. We implemented a weighted MSD, when a single
detection updates the whole matrix with the weight inversely proportional to the Euclidean
distance from the update to the given point. Then, the global matrix of MSD is updated
using the weighted mean with the cumulative scores.
Another source of error is a drift — a particle can travel to regions with different
velocities — that should be compensated:
xˆi = xˆi−1 + xi − xi−1 − (Vi − Vi−1), (3)
where the xˆi is a corrected position of the particle at the ith step, xi is the uncorrected
position, and Vi is the already calculated velocity field (Fig. 2a). The resulted viscosity can
be calculated via Eq. 2 using T = 293 K. The visualization and distribution of the viscosities
can be seen in Figure 3d, c.
Despite the very rough estimation of the particle radius (and the implicit statement that
there is a certain single effective radius), the results are in agreement with literature 21–23.
We obtained the values of viscosity in the range of 1–5 centipoise, when water usually has
< 1 cP and cytoplasm with organelles reaches values somewhere between 1 cP and 10 cP
(depending on the scale, method, conditions, and species used).
6 Discussion
Since the intracellular movements shown here are not caused by mechanical changes of the
cell shape, they are probably driven by the chemical phenomena. It is a widely accepted
assumption that the chemical (and consequently spectral) changes in the cell interior are an
analogue of chemical waves observed in the Belousov-Zhabotinsky reaction (BZR, see 24 for
a recent comprehensive review). The BZR waves 25, however, occur at 4 orders of magnitude
larger scales (15 cm of the length of the single wave vs. 1 µm of the size of a bacterial
cell) and the spiral element in a most successful model of the BZR has a size of 100 µm,
i.e., size of a relative large mammalian cell. The chemical mechanism of oscillations waves
was to some chemical detail described, e.g., in the MinC/MinD gene regulatory system
in Escherichia coli 26. Many other oscillations such as yeast glycolytic oscillation 27 are
still subject of research of mechanistic details after 6 decades after their discovery 28. In
contrast, Čejková et al. 29 showed that a decane droplet in the environment decanoate vesicles
shows autonomous behaviour indistinguishable from the living chemotactic behaviour of
bacteria, again, as in the case of the BZR, at scales incomparable to the size of the living
cell. It may only be concluded that at scales observed in the intracellular motion in the
mammalian cell interior there operate physico-chemical mechanisms which have no analogy
in the macroscopic experiment.
The aim of this article is to provide technical basis for the analysis of the phenomena
8
Figure 3: The distribution of velocities for two clusters (a). The clusters does not randomly
occur in the data but form a specific trend in time line (b). The map of the reconstructed
viscosities (d) and their distributions (c).
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which are observed only thanks to a newly constructed microscope 30. The rheological
terminology was used here mainly to provide comparison with other similar analyses in the
literature.
The main advantage of the proposed approach of intracellular rheology estimation is
its simplicity. It works with an unstained living cell in any bright field microscope. Also,
it does not need any magic constant determined by an illuminated mathematician or non-
model-free assumption about processes in the sample. Moreover, we have studied only one
semi-tomographic slice of an active 3D object, which can make the biologically relevant
interpretation even more tricky. At least we know that the described values are sufficiently
stable (both in time and against to the clustering method) and, therefore, can be used for cell
characterization. The conducted experiments are rather illustrative than explorative. We
have not so far dealt with linking the results to biology but, compared with the literature,
e.g. 21–23, they seem to be promised.
7 Conclusions
Better understanding of a cell behaviour is one of the major task of modern biology and
key to very important technologies such as growing artificial tissues and organs, or fighting
against cancer. In such challenging tasks, biologists will need as many reinforcements as
possible. And this method, among others, is aimed to bring physicists, data scientists,
and mathematicians to life sciences; and make a shortcut between classical, wet, biology and
formidable machinery of modern data explanatory analysis and machine learning. Therefore,
the approach is quite minimalistic. For application, one needs only a video with living cells
and knowledge of a camera sensor geometrical size. The outputs of the method are physically
understandable and interpretable parameters. But the origin of such flows and the overall
cell fluid dynamics is a different story, and, hopefully, will be solved in the meantime.
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